Mining spatiotemporal co-occurrence patterns requires assessing the strength of co-occurrences among the instances of different feature types. Currently, a spatiotemporal version of the Jaccard measure is used for measuring the strength of spatiotemporal co-occurrences. We present an extended spatiotemporal version of the Jaccard measure (J* ) that is more relevant and efficient for the task of STCOP mining. We also demonstrate the space and time efficiency of the J* with experimental evaluation.
INTRODUCTION
An important aspect of data mining research is the determination of the interestingness of patterns. Objective measures, such as support, confidence, correlation, and entropy, have been extensively used in frequent pattern mining [6, 9] . There has been extensive research on understanding and assessing the quality, interestingness, and appropriateness of objective measures for different tasks and domains; however, there is no prevalent agreement on this issue, because the quality of the measures depends on the data mining task and domain [3] . Selecting the right measure is of great importance, as many measures create conflicting information due to their significantly different properties [10] .
We propose a new significance measure for assessing the strength of a spatiotemporal co-occurrence in the context of spatiotemporal co-occurrence pattern (STCOP) mining Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from Permissions@acm.org. from large datasets with unbalanced spatiotemporal characteristics [8] . STCOPs represent the feature types whose instances frequently co-occur in both space and time. Spatiotemporal co-occurrences are the events of spatiotemporal overlap among the instances of different feature types. Current algorithms use a spatiotemporal version of Jaccard (J) measure for determining the strength of co-occurrences [1, 8] . The instances are modeled as three dimensional objects, and the J measure for co-occurrences is the ratio of intersection to union volume of the instances. However, using the J measure leads to unfair assessments in certain cases. In this work, we introduce the J* measure to alleviate these issues, and increase the efficiency of the STCOP mining algorithms. Our contributions include: developing a novel and efficient objective measure, providing theoretical analysis on the antimonotonicity property of J * , and verifying the applicability of the measure by providing experimental results showing the computational efficiency of J * .
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Related Work and Motivation
In spatiotemporal pattern mining, spatiotemporal relationships among objects are not explicit; thus, it is necessary to transform the implicit information to a transaction-like embodiment. Examples of such transformations in spatial and spatiotemporal pattern mining literature include spacedriven partitioning [7] , event-centric [5] , buffer-based [12] , and distance-based neighborhooding [2] approaches.
In STCOP mining, a prevalent STCOP is a set of features, whose instances frequently and strongly co-occur together in both space and time. The prevalency of STCOPs is assessed by the participation index at the feature level [5] . Instances are considered to form a spatiotemporal co-occurrence if there exists a spatiotemporal overlap among instances [8] . This approach is similar to the buffer based model [12] , where the buffers of spatial objects are tested with the spatial overlap predicate. In addition to spatiotemporal overlap predicate, the strength of a co-occurrence is measured by J. The strength of spatiotemporal co-occurrences is measured at the instance level, and implies the significance of a cooccurrence event.
STCOP mining algorithms are Apriori-based, and the cooccurrences are considered significant if they can pass a given co-occurrence coefficient (cce) threshold. Similarly, STCOPs are considered prevalent if they can pass a prevalence index (pi) threshold. STCOP mining algorithms are dependent on the antimonotonic property of the prevalency and significance measures 1 . Measuring the strength of spatiotemporal co-occurrences with J leads to unfair assessments when the participating instances have significantly different spatiotemporal characteristics (such as lifespan, area, volume). When calculating the strength, J measure considers that all parts of instance trajectories equally contribute to the strength. However, when participating instances have unbalanced characteristics, it is necessary to consider only relevant segments of the instances. For example, the co-occurrence of a large, longlasting instance and a small, short-lived instance leads to a small J value, even when two instances fully overlap (namely, large instance completely covers the small one). Therefore, the co-occurrences of instances with similar spatiotemporal characteristics are favored. We developed the J* measure such that it only considers relevant segments, which are the appearences of co-occurrences, and filters the rest. By filtering the nonessential parts, we aimed to develop a more appropriate and more efficient significance measure.
Outline
The rest of this paper is organized as follows. We will present the basic concepts and definitions related to J* measure in Section 2. We will discuss the antimononicity of J* measure (See Section 2.4). In Section 3, we will present our experiments regarding the performance of the J* measure. Lastly, we will present conclusions in Section 4.
DEVELOPING THE J* MEASURE
Preliminaries
The Jaccard similarity coefficient has been extensively used for measuring the similarity and diversity among item types in shopping basket analysis [11] , documents in text mining [4] , or spatiotemporal instances [1] . The Jaccard similarity coefficient (Jaccard) is calculated as follows:
where item types are denoted as Ii, the numerator is the size of intersection, and the denominator is the size of the union set for given item types. In STCOP mining [1] , the spatiotemporal version of Jaccard similarity coefficient, which is denoted as J, is calculated as the ratio of intersection and union volumes of instances (denoted as insi):
where V function returns the volume of trajectories by adding consecutive volumes for each timestamp. Volume for an interval is found by multiplication of corresponding area values (Areaτ ) by time difference (∆t = τ k+1 − τ k )
Basic Concepts
In this part, we will explain the basic concepts required for the calculation of the J* measure. As mentioned earlier, the J* considers only portions of the instances when calculating strength of co-occurrences. Definition 1. Time interval list (til) is a list of ordered time intervals. Each time interval is defined by a pair of timestamp values (ti, tj), where ti < tj; for each i, j; 1 ≤ i < j ≤ n til = {(t1, t2), (t3, t4) , . . . , (tn−1, tn)} (4) Definition 2. Interval volume function, V til , calculates the volume of given trajectory-based geometries only for the time intervals given in a time interval list, denoted as til.
For a particular trajectory-based instance insi, interval volume function is calculated using V til (Eq. 5). It calculates the volume of the trajectory-based instance only for those intervals specified in the time interval list (til).
Definition 3. Co-occurrence time interval list, til co , is a time interval list calculated for two or more instances. Cooccurrence time interval list includes time intervals where there exists a spatiotemporal overlap among all the instances participating in the spatiotemporal co-occurrence.
Definition 4. In a spatiotemporal co-occurrence of instances, P={ins1, . . . , insn}, the set of cross co-occurrences (denoted as xco in Eq. 6) are the events of spatiotemporal overlaps appearing among any 2-subset of participating instances. In other words, the cross co-occurrences for P are the union of pairwise co-occurrences among the instances in P . Given SP ⊆ P and |SP | > 1,
Definition 5. Cross co-occurrence time interval list, denoted as til xco , is a time interval list calculated for a set of spatiotemporal instances forming a spatiotemporal co-occurrence. Cross co-occurrence time interval list includes time intervals where there exists a cross co-occurrence among the subsets of participating instances.
J* Measure
Let J * be an extended version of the spatiotemporal J measure. We define the J * measure using the interval volume function (see Def. 2) and the cross co-occurrence time interval list (see Def. 5) as:
The J * measure, unlike the J measure, does not particularly favor the instances who are carrying similar volume characteristics. It acknowledges the spatiotemporal cooccurrence of all participating instances as the main event of interest, while also considering the cross co-occurrences appearing among the subsets of participating instances. Regardless of unbalanced characteristics instances may have, the regions of interest for J * measure is only limited to cooccurrence and cross co-occurrences. Therefore, the J * is less biased when handling instances with unbalanced spatiotemporal characteristics. Another important aspect of the problem is the storage requirements and computational complexity. From a practical point of view, it should be clear that storing only cross cooccurrences can greatly reduce storage requirements. The geometric calculations for determining unions and intersections are typically very expensive operations. Theoretically, the worst-case time complexity and storage requirements are same for J and J*. However, processing large amounts of data (mainly, checking whether there exists a spatiotemporal intersection) can take more time for J, as the J* only operates on cross co-occurrence time intervals. Hence, J * is more efficient measure than J.
Antimonotonic Property
Antimonotonicity is the fundemental aspect of many objective measures used in frequent pattern mining. Similar to classical frequent pattern mining approaches, in STCOP mining the antimonotonicity plays a significant role for efficiently and correctly mining the co-occurrences.
Lemma 1. J
* is an antimonotonic measure.
Proof. Let S be the set of participating instances of a spatiotemporal co-occurrence (S = {ins1, . . . , insn}). Let insn+1 be another instance that forms a co-occurrence with all the instances in S. Then S = {ins1, . . . , insn, insn+1} and S⊂S . Then, J * (S) ≥ J * (S ), because:
The intersection volume can only decrease or stay same with the addition of a new instance to the participating instance set.
(2)
V til xco (ins1 ∪ . . . ∪ insn ∪ insn+1) ≥ V til xco (ins1 ∪ . . .
∪insn).
The union volume can only increase or stay same with the addition of a new instance to the participating instance set. The cross co-occurrence time interval list of S includes at least the cross co-occurrence time interval list of S; and, it can potentially include cross co-occurrences between insn+1 and the instances in S (S.til xco ⊆ S .til xco ). Therefore, the union volume for S is greater than or equal to the union volume of S.
The J * value for a co-occurrence decreases or stays same with the addition of a new spatiotemporal instance, as the intersection volume can only decrease or stay same and the union volume can only incraese or stay same. Hence, J * is an antimonotonic measure.
EXPERIMENTS
We have conducted experiments using three solar datasets to show the effects of the J* measure. Spatiotemporal cooccurrence pattern mining algorithm, STCOP Miner [1] , is used for the experiments. We created two versions of the algorithm, with J and J * measures. The experiments were performed in Amazon Web Services platform using one computing instance, which is listed as 'm3.xlarge', and has 15 GB of main memory and Intel Xeon-2670 processor. Three datasets used in the experiments include instances of six solar event types covering one, two, and three months of time (named as 1Mo, 2Mo, and 3Mo respectively). Implementa- (a) (b) Figure 1 : (a) number of generated candidate pattern instances with J and J * , (b) the total size of all geometry objects inserted to database tion details and more information about the datasets can be found in our project website 2 .
Effect of J* on Space Requirements
The number of candidate pattern instances generated is an important indicator for space requirements, as it effects the memory usage and database size. The candidate pattern instances are the co-occurrences of at least two event instances, that may or may not pass the specified co-occurrence coefficient threshold. It can be seen in Fig. 1 .a that the number of candidate pattern instances generated are similar for J and J
* ; yet, J measure eliminates a greater portions of candidates compared to J * . In Table 1 , we can see the percentages of registered (therefore, significant) candidate pattern instances change between 4-5.2% for J; and, 33-41% for J * . Namely, J measure assesses much fewer co-occurrences as significant than J * . However, the total sizes of all geometries inserted to database for J and J * measures are not much different. This is because of the pruning power of the J * measure (only intervals of cross co-occurrences are considered for J * , while J measure obliges all geometries to be stored in the mining process). The average storage requirement of registered pattern instances in database can be seen in Table 1 . For J, the average size of a pattern instance varies between 1.99-2.79MB in three datasets, while for J * , it varies between 0.23-0.3MB. 
Effect of J* on Time Requirements
Lastly, we analyze the effect of J * on the total time spent for geometric calculations. Geometric calculations include checking for a spatiotemporal overlap for determining the existence of a co-occurrence; and calculating the J or J * values for each candidate pattern instance. In Fig. 2 , the total time required for geometric calculations is demonstrated with the number of candidate pattern instances in minor Y-axis. The time spent on geometric calculations for both measures are similar; however, J * requires less time on geometric calculations, as it only considers the cross co-occurrence time intervals. The average geometric calculation time for a candidate pattern instance for J * is less compared to J, and they can be seen in Table 2 . We can conclude that, for geometric operations, J * performs 20-33% better than J on average.
CONCLUSION
In this paper, we have introduced a new significance measure, J * , specifically designed for mining STCOPs. The J* is an extension to the spatiotemporal J measure. We have provided the proof of antimonotonicity of J * . For demonstrating the effects of using J * for assessing the strength of co-occurrences, we have conducted experiments with three solar datasets. We have experimentally demonstrated that J * measure can be used for efficiently mining novel STCOPs and co-occurrences. Our results also exhibit that J * is timeand space-efficient when compared to J measure.
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